Abstract The financial viability of Social Security, the single largest U.S. government program, depends on accurate forecasts of the solvency of its intergenerational trust fund. We begin by detailing information necessary for replicating the Social Security Administration's (SSA's) forecasting procedures, which until now has been unavailable in the public domain. We then offer a way to improve the quality of these procedures via age-and sex-specific mortality forecasts. The most recent SSA mortality forecasts were based on the best available technology at the time, which was a combination of linear extrapolation and qualitative judgments. Unfortunately, linear extrapolation excludes known risk factors and is inconsistent with longstanding demographic patterns, such as the smoothness of age profiles. Modern statistical methods typically outperform even the best qualitative judgments in these contexts. We show how to use such methods, enabling researchers to forecast using far more information, such as the known risk factors of smoking and obesity and known demographic patterns. Including this extra information makes a substantial difference. For example, by improving only mortality forecasting methods, we predict three fewer years of net surplus, $730 billion less in Social Security Trust Funds, and program costs that are 0.66% greater for projected taxable payroll by 2031 compared with SSA projections. More important than specific numerical estimates are the advantages of transparency, replicability, reduction of uncertainty, and what may be the resulting lower vulnerability to the politicization of program forecasts. In addition, by offering with this article software and detailed replication information, we hope to marshal the efforts of the research community to include ever
Introduction
Social Security, formally known as "Old-Age, Survivors, and Disability Insurance" (OASDI) is currently the single largest program in the U.S. federal government, with outlays in 2008 exceeding $616 billion and representing 21% of total outlays (United States Government 2009). Social Security affects the lives of nearly every family through workers contributing payroll taxes; disabled workers, retired workers, and their dependents receiving benefits; and survivors of eligible beneficiaries who also receive benefits. A majority of elderly beneficiaries' income is derived from Social Security benefits (Schneider 1999) . In 2008, contributions through payroll taxes exceeded $689 billion. Just under 42 million people received $509 billion in OldAge and Survivors Insurance (OASI) program benefits. An additional 9 million people received $106 billion in Disability Insurance program benefits.
The magnitude of the Social Security program and variability of its inflows and outflows, owing especially to changes stemming from the aging baby boom population now entering retirement age, make the program's financial health an ongoing political, social, economic, and policy issue. Indeed, demographic shifts in the last century are at the heart of current concerns over Social Security. As the large postWorld War II birth cohorts aged and experienced declining mortality, the U.S. population aged. Fewer workers supported more beneficiaries, placing increased strain on Social Security trust funds. The Social Security Administration (SSA) is acutely aware of the importance of demographic shifts and is especially concerned about the pace of decline in future mortality.
In this article, we propose an alternative method of forecasting mortality that may be an improvement over current methods. Mortality forecasts are a crucial component-indeed one of the most uncertain large components-of the annual Social Security and Medicare projections mandated by Congress. We apply stateof-the-art Bayesian forecasting methodology that emphasizes smoothness in agespecific mortality rates and age profiles and incorporates potentially informative covariates. We demonstrate the utility of the new methodology in cause-specific and all-cause mortality forecasting. We also offer previously unavailable information that researchers need to replicate SSA's exact mortality forecasting procedures and calculations. To forecast the mortality component of their projection, the SSA employs a complex, multistep process based largely on expert opinion about future rates of cause-specific mortality declines. These opinions involve expert assessments and weighting of information about demographic patterns, risk factors, and other considerations they deem important while attempting to preserve the smoothness of mortality age profiles. The SSA developed these finely tuned qualitative procedures over many years, which emphasize the empirical regularity of recent historical mortality, to compensate for the absence of sufficiently powerful formal statistical procedures.
Although improving on all the SSA's informal procedures would be difficult, the methodological literature has finally caught up with some aspects of informal approaches to forecasting. We thus use some of these new formal statistical methods, designed specifically for mortality forecasting. This is especially advantageous because informal forecasts may be intuitively appealing (Morera and Dawes 2006) , but they suffer from humans' well-known poor abilities to judge and weight information informally (Dawes et al. 1989 ). Indeed, a large literature covering diverse fields extending over 50 years has shown that formal statistical procedures regularly outperform informal intuition-based approaches of even the wisest and most welltrained experts (Grove 2005; Meehl 1954) . (There are now even popular books on the subject, such as Ayres (2008) .)
Our approach formally incorporates the largest known risk factors with biological effects (tobacco consumption and obesity) and key demographic patterns (such as the fact that mortality rates in adjacent age groups tend to be very similar). The goal is not only more direct, transparent, and replicable forecasts. We also seek to enable the research community to build on our results with new sources of information and better statistical specifications than ours so that financial forecasts of the OASI and SSDI Trust Funds can continue to improve over time. To accomplish this task, we are making available, as a companion to this article, easy-to-use open-source software tools and all data and information necessary to replicate and extend our analyses (King and Soneji 2011b) . The uncertainties of forecasting remain high, of course. However, enabling SSA and other researchers to easily build on our results and include more biological and demographic information will likely improve on our forecasting performance even further.
Researchers have studied how Social Security solvency forecasts depend on a variety of assumptions, and two large-scale simulation programs let users adjust some assumptions and study their effects. The "Stochastic Social Security Simulator" (Lee et al. 2003) and "Social Security and Accounts Simulator" (SSASIM) (Holmer 2003) allow adjustment of tax rates, retirement ages, and equities investment, but neither allows users to change SSA's hard-coded mortality forecasts. Two other programs, the SSA Office of Chief Actuary simulation program and the Congressional Budget Office LongTerm Actuarial Model, have restricted use and also hard-code their mortality forecast inputs (Burdick and Manchester 2003; Congressional Budget Office 2001; Meyerson and Sabelhaus 2000 .) Fortunately, we were able to contract with the producer of SSASIM to modify his program and allow for the input of alternative mortality forecasts. SSASIM is widely used by academic researchers and U.S. government agencies, including the Government Accounting Office, Department of Labor Benefits Security Administration, and the SSA Office of Retirement and Disability Policy.
Social Security Administration Forecasts
Whereas the broad outlines of how the SSA produces its congressionally mandated annual forecasts of Social Security solvency are publicly available, details sufficient to allow replication of the SSA's procedures are not. Gathering these details with enough specificity was made possible through extensive research and considerable help from SSA actuaries and others involved in the process.
We begin with background information about trust fund financing, both payroll tax receipts and outlays to beneficiaries. We then turn to details of the SSA's mortality forecasts, including recent methodological critiques. Finally, we give mechanics of how to reproduce the SSA's trust fund forecasts.
Financing Background
In 1935, Social Security began as a social insurance program designed to pay workers aged 65 and older a continuing income after retirement (SSA Historian's Office 2007). The SSA began depositing revenue generated from the Federal Insurance Contributions Act taxes in 1937, and monthly payment benefits began in 1940 to elderly retirees under the Old-Age Survivors Insurance (OASI) program. In 1954, Congress passed the Social Security Amendments, which established the Social Security Disability Insurance (SSDI) program for workers unable to work because of disability.
Since 1954, Social Security has consisted of two separate programs, OASI and SSDI, and operates as a partially advanced funded (modified pay-as-you-go) system in which workers' earnings are subject to OASI and SSDI payroll taxes up to a fixed maximum in taxable earnings. The revenue is deposited into OASI and SSDI Trust Funds that pay benefits to qualified elderly retirees and disabled workers, respectively. Surplus revenue is borrowed by the U.S. Treasury, which in turn issues special-issue Treasury bonds to Social Security.
OASI and SSDI payroll taxes have gradually increased since their inception in 1937 and 1954, respectively (Table 1) . Along with changes in age and income distributions, increases in payroll taxes contributed to revenue in excess of expenditure, leading to surplus. Beginning in 1972, Social Security trustees became concerned about short-term insolvency because of a weak economy and expected long-term insolvency from an aging population (Ball 1973 ; SSA Historian's Office 2010). In 1983, Congress raised payroll taxes considerably to allow the program to better meet its long-term financial obligations. Combined OASI and SSDI payroll tax rates grew from 10.8% to 12.4% between 1983 and 1990 and have remained constant since. As a result of payroll taxes that generated revenue in excess of annual benefit outlays over the last 25 years, the trust funds have amassed large surpluses in preparation for the aging population. Presently, the SSA is suggesting an increase in payroll tax rates as one of many possible provisions to address long-range solvency problems (TBOT 2007) . Other broad policy options include changes in cost-of-living adjustment, changes in the level of monthly benefits, increasing retirement age, investment in marketable securities, greater taxation of benefits, and substitution of individual accounts for some part of currently scheduled benefits (Chaplain and Wade 2005) .
The prospect of insolvency raises several important legal issues on the rights of beneficiaries to receive full Social Security benefits. The Social Security Act (42 U.S.C. § 401(h)) stipulates benefits be paid from accumulated trust fund assets and current payroll. Yet, if future benefits exceed remaining trust fund assets and payroll tax revenue, the Antideficiency Act (31 U.S.C. § 1341) prohibits government spending in excess of available funds (Swendiman and Nicola 2008) . The likely outcome of such a scenario would be a reduction in benefits or delayed payment of full benefits (Romig 2008) .
Mortality Forecasting
The Office of the Chief Actuary (OACT) employs a multistep process to produce ageand sex-specific mortality forecasts 75 years into the future (Bell and Miller 2005) . The OACT produces mortality forecasts annually as a key input to solvency projections published in annual SSA OASDI Trustees Reports (see Olshansky 1988; Wilmoth 2005b) . Current SSA mortality forecasts are based on a combination of linear extrapolation from historical data and labor-intensive subjective choices of 70 interrelated ultimate rates of decline, which are appraised by the OACT (civil servants) and ultimately approved by the OASDI trustees (political appointees) (Wade 2010) .
Although in our experience SSA officials are exceptionally careful, the process is challenging, cumbersome, and intrinsically error-prone. Given normal human biases and cognitive limitations, the process can be affected by political or other considerations, which, in turn, can affect substantive policy choices in unintended ways. The SSA chose this approach as the best option available at the time because appropriate formalized approaches were not available.
The current SSA forecasting process works as follows (each of the details is crucial, since different choices at each stage can greatly affect forecasts). First, the OACT collects cause-specific death and population counts between 1980 and 2006 (the most recent year of mortality data available) to calculate cause-specific mortality rates by age and sex. Cause-of-death information comes from U.S. vital statistics and is based on the Ninth and Tenth Revisions of the International List of Diseases and Causes of Death. The categories of causes are heart disease, cancer, vascular disease, violence, respiratory diseases, diabetes mellitus, and a residual category of all other causes. Population counts for those under age 65 come from U.S. Census intercensal data, and for those ages 65 and older come from Medicare enrollment data.
Second, the cause-and sex-specific central death rate is calculated for age groups 0-1 and 1-4, and for five-year age groups thereafter. Age 95 is the start of the open final age interval. The central death rate is the weighted average of mortality rates in the age group, with weights equal to the population count of a given age. The result is 294 cross sections of age group-, sex-, and cause-specific mortality.
Third, the SSA OACT forecasts the annual reduction of the central death rate by age group, sex, and cause through a combination of linear extrapolation and subjective judgment. They fit a least squares line to the logged central death rate as a function of the year. The average annual percentage reduction is the complement of the exponential of the slope (Bell and Miller 2005) . Then they assign an ultimate annual percentage reduction of sex-and cause-specific central death rates, 75 years after the projection period begins, for the broad age groups under 15 years old, 15-49, 50-64, 65-84, and 85 and older. The SSA selects ultimate rates of decline based on subjective assessment. Next, through a complicated trial-and-error process performed by the OACT, an ultimate rate of decline is adjusted so the resulting forecast 75 to 80 years in the future is considered "reasonable." In total, there are 70 such ultimate rates of decline-five broad age groups, two sexes, and seven causes of death.
The OACT evaluates the social, biological, environmental, and medical factors that may have affected historical mortality patterns (Wade 2010) . The OACT then considers the influence of these factors and emerging factors on future mortality trends. Even for a single sex and cause of death, the SSA's choice of five ultimate rates of decline is a challenging task. To the extent that this choice is based on the plausibility of the resulting forecasts, this choice makes all the other intermediate modeling procedures irrelevant. Figure 1 presents rates of decline by age group, sex, and cause of death based on mortality data between 1980 and 2006. Also shown are the ultimate rates of decline under the SSA intermediate projection.
Comparison between the historical and ultimate rates highlights important problems and concerns. First, the pattern across age of ultimate rates of decline differs considerably from historical pattern for several cause-sex groups. For example, the historical rate of decline for female respiratory disease declines steadily over age. Between ages 55 and 84, the historical rate of decline is negative (indicating is positive, the log-mortality rate decreases linearly from 75% of this initial average annual reduction to the chosen ultimate level in 2034. After 2034, the average annual reduction remains constant at the ultimate reduction level. In the final step, sex-and age group-specific central death rates are summed across causes of death. The final all-cause mortality is then used as the mortality input for subsequent OASI and SSDI solvency projections and SSDI disability termination rate projections. The SSA Chief Actuary provides a formal statement of actuarial opinion on the projection, its assumptions, and the methodology used to evaluate the financial and actuarial status of the trust funds.
worsening mortality over time) and lowest for 75-to 79-year-olds, at −2.73%. Yet, the ultimate rate of decline for female respiratory disease is positive and considerably higher than historical rates of decline. For example, the ultimate rate of decline for 75-to 79-year-olds beginning in the year 2034 is over 100% greater, at +0.2%. Emphysema death may decline in the future as a result of historic cigarette smoking declines. Yet, the leading causes of respiratory disease death, influenza and pneumonia, may not decline given the emergence of more virulent and multi-drug-resistant strains of influenza virus. Second, the precise reasoning and justification used in the selection of an ultimate rate of decline for a particular age group, sex, and cause are not publicly available. For example, the ultimate rate of decline for childhood cancers (2.00% per year) is within the range of historical rates of decline (1.74% to 3.34%). Yet, why the ultimate rates of decline are lower and then higher than historical rates for adults is not known publicly. Also not known publicly is whether the ultimate rates of decline in adult cancer vacillate because of a substantive belief held by the SSA or instead because of necessary adjustment to achieve a smooth age profile. We observe a similarly curious vacillation in vascular disease mortality ultimate rates of decline. The ultimate rate of decline for male vascular disease mortality is posited to be 1.8% between ages 15 and 49, down to 1.5% between ages 50 and 64, up to 2.5% between ages 65 and 84, and back down to 1.9% for ages 85 and older. Finally, the ultimate rate of decline in injury accidents is equal for males and females and highest for the 65-to 84-year age group. Yet, historical rates of decline were highest for young adults, especially young adult males. Injury accidents are often the result of risky and impulsive behavior involving alcohol and motor vehicles. Thus, we might expect the ultimate rates of decline for this age group and cause to be higher, not equal, for males than for females.
Despite considerable time and effort in selecting 70 ultimate rates of decline, a plausible forecast when linearly extrapolated will eventually become increasingly implausible over time. Consider the year 2030 and 2075 SSA forecasts of male vascular disease mortality (Fig. 2, left panel) . While the year 2030 forecast is reasonable from a historical perspective, and we would expect a decline in the level of vascular mortality, there is a considerable and unlikely drop in the year 2075 forecast age profile between ages 65 and 84. Another problem appears with male accidental and violent deaths (Fig. 2, right panel) . Compared with the SSA's year 2030 forecast, the year 2075 forecast age profile is lower, as we would expect, but somewhat less smooth, especially around age 65.
Critiques of Social Security Forecasting Methodology
Demographers have raised several concerns about the SSA mortality forecasting methodology (Lee and Tuljapurkar 1997; SSABTP 1991 SSABTP , 1994 SSABTP , 1999 SSABTP , 2007 Wilmoth 2003) . Both the 2003 and 2007 Technical Panels on Methods and Assumptions, convened by the congressionally appointed Social Security Advisory Board, recommended against forecasting cause-specific mortality rates because of the resulting difficulties in modeling the interdependencies among causes of death. The subjective choice of 70 ultimate rates of decline (five broad age groups, two sexes, and seven causes of death) introduces complexity and obscurity into the method as well (Wilmoth 2003 (Wilmoth , 2005b . The technical panel also noted that all-cause mortality forecasts change solely because of differences in the subjectively assigned ultimate rates of decline. Additionally, because of the SSA's implementation of cause-specific forecasting, an inherent convergence occurs in the overall decline to the most slowly declining cause of death because an increasing proportion of deaths become attributed to this cause (Wilmoth 1995 (Wilmoth , 2003 (Wilmoth , 2005b .
Another critique focuses on independently forecasting age-specific mortality cross sections despite the obvious dependence among them. A forecast derived in this manner may quickly depart from historical patterns (Keyfitz 1982; McNown 1992) . To partially mitigate this problem, the SSA assigns an ultimate rate of decline for broad age groups based on informal judgments (Alho 1992) . In a study of forecast accuracy, Alho and Spencer (1990) noted that even simple linear extrapolations often outperform SSA forecasts (although that does not necessarily imply that linear extrapolations should be used instead). Lee and Miller (2001) noted that the SSA mortality projection and other long-run government forecasts that rely on informal expert judgment have proven too pessimistic about the future.
SSA mortality forecasting methodology includes risk factors and known demographic patterns through the qualitative judgments of experts, which has the advantage of including both key sources of information but also carries the disadvantages of informality discussed above. The most commonly used methods in the literature, which the SSA would have had at its disposal, have the advantage of being more formal and replicable but exclude information about risk factors and demographic patterns. Purely extrapolative methods could yield forecasts that maintain longstanding patterns of smooth mortality time trends, although most violate smoothness in the age profile and, by construction, exclude key information, such as known risk factors. Forecasting methods incorporating these risk factors as covariates do so by assuming independence among age groups. Typically, these methods produce forecasts that violate known demographic patterns, such as the fact that adjacent age groups have similar mortality rates. Better mortality forecasting approaches that formally incorporate additional information while simultaneously preserving quintessential demographic patterns were not available to the SSA.
Solvency Simulations
Each year, the Board of Trustees for the OASI and SSDI Trust Funds provides three long-range (75-year) sets of assumptions on demographic, economic, and programspecific conditions. The intermediate set represents the Trustees' best estimate for future experience. The low-cost set assumes relatively rapid economic growth, low inflation, and favorable demographic conditions from the standpoint of program financing. The high-cost set assumes relatively low economic growth, high inflation, and unfavorable demographic conditions (Cheng et al. 2004) .
The first broad category of assumptions is demographic and comprises the total fertility rate, rates of decrease in the central death rate for two sexes and 21 age groups, legal immigration, legal emigration, and net other immigration. The second broad category is economic and comprises the unemployment rate, inflation rate, real interest rate, percentage change in real average wage, disability incidence for males and females, and disability recovery for males and females. The SSA Office of the Chief Actuary stochastically projects long-term finances by first assigning random variation to these key demographic and economic assumptions (Cheng et al. 2004 ). The simulation consists of nine sequential modules in which the output from a previous module is the input to a later module. Within a run of the simulation, the model of Social Security finance projections is deterministic.
In a given run of the simulation, demographic assumptions are used to project a whole population. Then, the population is combined with economic assumptions to create an economic module. The population and economic modules are used to simulate information on the fully insured and disability insured. Next, the population and economic modules are used as inputs in the awards module, which provides information on newly entitled worker benefits. Finally, all previous modules are used in the costs module to produce annual solvency projections.
To implement these procedures, we use an implementation by the Policy Simulation Group (Holmer 2008) . We alter only mortality forecasts and set all other assumptions at the intermediate level chosen in the 2008 SSA Trustees Report (TBOT 2008) , based on mortality data up to the year 2006, the last year of available national mortality data from the U.S. National Center for Health Statistics. In this way, we can directly attribute differences in solvency measures to differences in mortality forecasts alone.
Formal Statistical Forecasts of Mortality
Throughout our mortality forecasting method, we attempt to follow the best forecasting practice, as it exists in most fields. We do not attempt to estimate causal effects of specific risk factors; that requires different types of statistical models. We instead use key available knowledge, although necessarily partial, of biological processes and demographic patterns to forecast based on empirical regularities built on what is known. We thus marshal the best existing micro-level evidence on mortality risk factors and demographic patterns to choose covariates and set Bayesian priors. The result is not an ironclad or internally complete forecasting model without error, since scientific knowledge of mortality is not up to that task. Nothing guarantees that what was empirically regular will remain so, but without better theory, the best one can do is to incorporate as much information available now to understand the future. What distinguishes our forecasting approach is that our models are able to incorporate considerably more information.
We begin by discussing the key information we are able to formalize and include in our models-demographic patterns and risk factors with known biological consequences-and then summarize our statistical approach that includes all these features. Our goal is to make it possible for others to improve the specifications we chose, and so the patterns and risk factors discussed in this section are intended primarily as examples of what can be included, but also a summary of what we actually used to generate our empirical results.
Demographic Patterns
Demographic research spanning hundreds of years has repeatedly identified three ubiquitous patterns in the vast majority of countries and time periods studied (Boyer 1947; Gompertz 1825; Graunt 1662; Halley 1693; Vollgraff 1950) . First, age-specific all-cause mortality rates trend (and usually decline) smoothly and gradually over time; patterns are not always linear, but they have few sharp jumps from one year to the next. Notable exceptions include large epidemics and pandemics (e.g., the Spanish influenza pandemic of 1918-1919), although such events have been historically rare. Second, time-specific all-cause mortality rates (i.e., age profiles) are smooth and so do not jump sharply between adjacent age groups. Finally, age profiles of all-cause mortality have a characteristic shape: log mortality starts high at birth, drops to about age 10, and then increases from there on, usually with a temporary "bump" during the 20s that is often attributed to accidents and is especially prominent for males. Of course, these patterns need not continue, and the future may differ from the past, but they have been so prevalent for so long that it seems wise to build forecasting models that maintain these patterns unless they are rejected by the data. Thus, the forecasting approach will miss some future patterns, but the parts missed will ideally be those for which no prior indication was available.
Risk Factors With Known Biological Consequences: Smoking and Obesity
Cigarette tobacco consumption and obesity are two major risk factors with important biological links to higher disability rates and lower earnings during working years, as well as higher mortality risk after retirement. Crucial for forecasting, the prevalence of both is in the process of considerable change in the U.S. population.
Smokers contribute less in payroll taxes primarily through higher absenteeism (Ryan et al. 1992) , lower earnings (Levine et al. 1997) , and greater work disability (Sloan et al. 2004 ). Doll et al. (1994) found that smokers after retirement experienced a higher mortality rate than their similarly aged nonsmoking counterparts. On balance, smokers contribute more to Social Security in payroll taxes than they receive in SSDI and OASI benefits (Sloan et al. 2004 ). Consequently, smokers represent a net financial gain for the Social Security Trust Funds (Gravelle 1998) . Sloan et al. (2004) show that the steady declines in tobacco consumption alone could reduce the net gain and translate into increased Social Security cost.
As with tobacco consumption, obesity is strongly linked to earnings, disability, and mortality. Obese women, notably white obese women, likely face discrimination based on their weight and experience greater work limitations that result in lower earnings compared with non-obese women (Cawley 2004) . Evidence regarding an income disadvantage for obese men is inconclusive. The obese, especially the morbidly obese, experience much greater risk of mortality, notably in mortality from cardiovascular disease (Flegal et al. 2007 ) and ischemic stroke (Suk et al. 2003) . Stewart et al. (2009) estimated that continuing increases in obesity will "increasingly outweigh" the gains in mortality declines attributable to reductions in smoking. Whether the obese represent a net financial gain to Social Security remains an open question. Much depends on future obesity levels and how the obese population's reduced earnings, increased work disability, and greater mortality risk are currently distributed across the life course and will be distributed in the future (Adams et al. 2006; Reuser et al. 2008; Thorpe and Ferraro 2004) .
Between 1955 and 2006, male and female smoking rates steadily declined for all age groups. Young adult males experienced the sharpest declines. In contrast, both sexes experienced a dramatic increase in obesity, starting about 1980, with the sharpest increases occurring among the young. See King and Soneji (2011a) for full details on smoking and obesity data sources, measurement and estimation, and how these covariates were incorporated into the mortality forecasting model.
Statistical Modeling
We use a mortality forecasting methodology developed and applied in King and Soneji (2011a) , extending work by Girosi and King (2008) . This formal Bayesian statistical model can incorporate existing demographic patterns as quantitative priors and risk factors as covariates. If the data do not support the chosen priors or covariates, they are automatically down-weighted or ignored in making forecasts. The model is specialized so that the priors are about expected mortality, which we know a great deal about from prior research. In contrast, classical Bayesian approaches require priors on coefficients, about which little is known. (The priors on expected mortality induce a prior on the coefficients for purpose of computation, but with many fewer adjustable hyperparameters.) It would be incorrect to claim that subjective expert judgment is avoided in building this or any statistical model, but its role here is formalized and transparent, and it is limited as much as possible to those areas where information is available.
A relatively small component of forecasting uncertainty is due to estimation uncertainty-that is, the portion of uncertainty that results from not knowing the values of the parameters of the assumed model (which is why research on mortality forecasting models, including ours, dispenses with traditional confidence intervals, which are solely based on estimation uncertainty, assuming the model is true). Rather, the primary uncertainty in forecasting comes from "model dependence" that results from not knowing the exact model, such as in the choice of covariate, lag, and prior specifications (King and Zeng 2006) . We pay special attention to the uncertainty resulting from choices we make in the Bayesian priors, which represent the knowledge that expected mortality is smooth over time and over age groups. (King and Soneji (2011a) also studied model dependence as a function of covariate and lag length choices.) We study this prior uncertainty with a version of "robust Bayesian analysis." This standard procedure uses a class of priors instead of only one, the result being a range of many forecasts that better reflects uncertainty (because it includes model uncertainty) instead of a single point estimate.
Our model uses as covariates a time trend, cohort smoking prevalence lagged by 25 years in age and time, and cohort obesity prevalence lagged by 25 years in age and time. The time trend is a simple proxy for technological change; it is possibly inadequate but consistent with common practice in the literature. (We have also experimented with other indicators based on medical patents and citations but have not as yet found major differences.) We have three reasons for our choice of lag length for smoking and obesity. First, we use 25-year lags so we can forecast 25 years into the future through a standard one-step-ahead forecast without needing to forecast values of the covariates, which would have introduced far more (unnecessary) uncertainty into the process. Second, an extensive life course literature on the timing of exposure and eventual mortality outcomes supports approximately the same lag length (Gutterman 2008; Peace 1985; Sturm 2002) . And third, King and Soneji (2011a) conducted detailed analyses on lag length and covariate specification and found empirically that forecasts are quite robust to changes in lag length.
Period effects may also strongly affect mortality. For example, the 1964 U.S. Surgeon General's Report on Smoking and Health marked a period of intense anti-tobacco public health campaigns. Unlike a cohort-specific model, which incorporates time-lagged correlation between potential covariates and mortality, a period-specific model would require the prediction of covariates for ages in the future. Also noteworthy is the current debate within the demographic research community on whether period life expectancy is biased because of changes in the timing or age of mortality (Bongaarts and Feeney 2003; Guillot 2003; Wilmoth 2005a) . Such changes in the timing of death may result, for example, from the considerable decline in U.S. smoking.
In the left panels of Fig. 3 , we compare our forecast interval of expected age at death, portraying prior specification uncertainty (the grey lines), with projections by the SSA low-, intermediate-, and high-cost mortality scenarios (see the five crosses, with a horizontal line at the intermediate scenario). In a period life table, the expected age at death equals the sum of life expectancy and age.
Results indicate that we forecast expected ages at death to be older than the SSA intermediate-cost mortality scenario and similar to the SSA high-cost mortality scenario. For example, at age 0 in the year 2030, we forecast the male expected age at death to be between 78.9 and 79.5 years, compared with the intermediate-and high-cost scenario projections of 77.6 and 79.4 years, respectively (TBOT 2006) . In the two graphs in the middle column of Fig. 3 , we compare our forecast age-of-death distributions with SSA's low-, intermediate-, and high-cost scenarios. Compared with SSA projected age-of-death distributions, our forecast age distributions are considerably older. As a result, the aged dependency ratio (the ratio of the age 65+ population to the age 20-64 population) is larger, as shown in the right panel of Fig. 3 . For example, in 2030, we forecast 40.5 to 41.7 elderly per 100, compared with an SSA intermediate-cost projection of 39.5 (low-cost 37.0 and high-cost 42.4). The larger ratio implies greater strain on the working-age population and Social Security, which relies on intergenerational transfers of wealth.
Validation and Assessment of Formal Statistical Mortality Forecast
We supplement the numerous out-of-sample validation tests in Girosi and King (2008) in several ways. First, we use the well-established relationship between cigarette smoking and cancer mortality (Doll et al. 2004; Peace 1985; Preston and Wang 2006; Wang and Preston 2009 ). Using multiple-cause-of-death detail files and Human Mortality Database population counts, we calculate historical cancer-specific conditional probabilities of mortality. We set aside the most recent 5 years of observed mortality, [2003] [2004] [2005] [2006] , as a validation period and base our formal statistical forecast on earlier historical data, 1980 to 2002. We compare our forecasts with SSA cancer-specific projections and a new forecast based on the Lee-Carter method , both using the same historical data. We compare the difference among our median forecast, the SSA intermediate cancer projection, and the LeeCarter-based forecast with observed 2006 cancer mortality in Fig. 4 . Although the new cause-specific forecast, based on the Lee-Carter method, is a departure from the original intent of their model, it is widely used and serves as an important point of comparison. Both statistical forecasts and the SSA intermediate projection accurately predict cancer mortality in 2006 between ages 0 and 40. The forecast error for females between ages 45 and 85 is approximately the same for both statistical forecasts and Fig. 3 Expected age at death, age distribution of deaths, and aged dependency ratio. For all panels, the grey lines of varying width represent our forecasts (with uncertainties because of prior dependence); other lines represent SSA forecasts (with uncertainties because of differences between SSA's low and high cost scenarios). The top panels give forecasts for males (left) and females (right) for expected age at death at ages 0 and 65. The middle row gives the male (left) and female (right) age at death distribution in 2030. Age groups are 0-1 and 1-4, and five-year age groups thereafter. The bottom panel gives forecasts for the ratio of elderly (65 and older) to the working-age population the SSA projection. For males between ages 45 and 85, our forecasts are closer to observed mortality than both the Lee-Carter-based forecast and the SSA projection. The mean absolute error for our median forecast is 0.005, while equal to 0.008 for the Lee-Carter-based forecast and 0.011 for the SSA intermediate projection. Another important difference among our forecast, the Lee-Carter-based forecast, and the SSA projection is the incorporation of potentially informative medical, behavioral, and social covariates. Whereas we incorporate this information formally, and the SSA incorporates it informally, the Lee-Carter-based approach does not incorporate these covariates at all (but see the recent modified approach by Reichmuth and Sarferaz 2008) . Thus, there is reason to believe that forecasts from our approach will continue to be accurate farther into the future.
Second, we perform a similar validation with all-cause mortality in Fig. 5 . Our formal statistical forecast, the Lee-Carter-based forecast, and SSA intermediate projection accurately predict 2006 all-cause mortality between ages 0 and 50. After age 50 for both males and females, forecast error grows with age for both forecasts and the SSA projection. The mean absolute error for our median forecast is 0.022, while it is 0.024 for the Lee-Carter-based forecast and 0.028 for the SSA intermediate projection. As previously noted, only our forecast and the SSA projection incorporate potentially informative covariates.
Third, we assess the smoothness of future mortality age profiles. For example, we consider male vascular disease. The level of age-specific vascular disease mortality has declined over time, likely as a result of more effective medical management and intervention of vascular disease (Burns et al. 2003) and reduced smoking (Wolf et al. 1998) . Within a given year, the age profile of vascular disease mortality has maintained the same quintessential shape; this pattern may likely continue in the near future. In Fig. 6 , we compare the 2030 age profile of our male vascular disease mortality forecast (left panel), the intermediate SSA projection (center panel and previously shown in Fig. 2) , and Lee-Carter-based forecast (right panel). The age profile of our formal statistical model appears smooth over all ages. The SSA age profile is smooth before age 65. After age 65, the SSA intermediate projection begins to show nonsmooth behavior, which is inconsistent with historically observed age profiles. Finally, the LeeCarter-based age profile is less smooth than either ours or the SSA projection. In addition to not incorporating potentially informative covariates, either formally or through subjective judgment, the Lee-Carter-based method considers each cross section of agespecific mortality independently, which will often result in nonsmooth age profiles.
Results on Social Security Solvency Measures
In this section, we forecast Social Security solvency measures. With the exception of alternative mortality forecasts, we use methodology identical to the SSA and invoke the same long-term demographic, economic, and policy assumptions. We then explore the effect of the mortality forecasts on future annual net income of the OASI and SSDI programs, trust fund balances, cost rates, and expenditure and cost as a percentage of gross domestic product (GDP). We leave all other demographic, economic, and program-specific parameters and variables set to their 2006 intermediate level. Finally, we assess the payroll tax rate required to offset annual benefit payments with the revenue generated from payroll taxes and interest from the trust fund. We adjust for projected inflation and report all figures in 2006 dollars.
Annual Net Income
The annual net income for the OASI and SSDI programs is equal to the sum of payroll tax revenue and income from interest less benefits paid and administrative costs. We forecast gradual gains in the combined OASI and SSDI annual net income until peak excess between $201 and $204 billion in 2012 (Fig. 7, upper-left panel) . The annual net income then declines, and we estimate negative net income starting between 2023 and 2024. In comparison, combined annual net income under the SSA assumptions peaks between $217 and $218 billion in 2012 and first reaches negative net income between 2026 and 2027. By 2031, we estimate annual net income to be about −$217 billion, with an uncertainty interval attributable to model dependence in forecasting mortality ranging from -$197 to -$226 billion (see Table 2 ). In comparison, annual net income is projected to be between −$93 and −$172 billion under the SSA assumptions in 2031. (Fig. 7 , upperright panel). We forecast steady gains in combined trust fund balance until a peak in the year 2020 between $3.43 and $3.47 trillion. The combined trust fund balance then declines. By 2031, we estimate it will decrease beyond its 2006 level and equal between $1.79 and $2.00 trillion. Under SSA projections, the combined trust fund balance is projected to increase until 2022 to between $3.68 and $3.75 trillion. The subsequent decline is much less pronounced. By 2031, the SSA combined trust fund balance is projected to be between $2.42 and $2.87 trillion, based on its intermediatecost assumptions (see Table 2 ).
Cost Rate
The cost rate is the ratio of OASI and SSDI program costs to taxable payroll. We forecast an increase in the combined OASI and SSDI program costs, as a percentage of taxable payroll, from 11.11% in 2006 to between 17.53% and 17.79% in 2031 (Fig. 7, lower-left panel) . In comparison, the increase is projected to be less under the SSA assumptions and to equal between 16.71% and 17.49% in 2031 (see Table 2 ).
Annual Income and Cost
An additional way to measure future solvency is to compare payroll tax revenue and program costs as a share of U.S. economic output. Annual payroll tax revenues vary little between mortality forecasts (Fig. 7, lower-right panel) . Yet we estimate combined OASI and SSDI program costs, as a share of GDP, will rise to between 6.63% Table 2 ).
Balanced Budget Payroll Tax
The balanced budget payroll tax rate is the tax rate required to offset annual benefit payments with the revenue generated from payroll taxes and interest from the trust fund (Lee and Tuljapurkar 1997) . Although it has never been proposed to address future deficits, the balanced budget payroll tax rate is useful in assessing the effect of different mortality forecasts on Social Security finances (Lee and Skinner 1999; Lee and Tuljapurkar 1997) . We calculate the 2006-2031 balanced budget payroll tax rates for both the OASI and SSDI programs under our mortality forecasts, as well as the SSA forecasts, as shown in Fig. 8 . A balanced budget provision hypothetically imposed in 2006 for the OASI and SSDI programs would, by definition, preserve solvency at 2006 levels, less loss from inflation. Initially, the combined OASI and SSDI balanced budget payroll tax rate would be much lower than the current total tax rate of 12.4% because of the surplus discussed previously. We estimate that the combined OASI and SSDI balanced budget payroll tax rate would exceed the current payroll tax rate in 2020. By 2031, the combined balanced budget payroll tax rate would be between 15.96% and 16.21%. In comparison, under SSA projections, the combined balanced budget payroll tax rate would exceed the current payroll tax rate in 2021 and would rise to only between 15.19% and 15.94% in 2030. This difference represents an additional $31.9 to $45.6 billion to be generated from payroll taxes. Higher payroll taxes may present a significant burden to future workers and their employers who split the contribution, and especially to the self-employed, who must contribute the full tax themselves.
Concluding Remarks
Demographic shifts in the twentieth century are at the heart of current concerns over Social Security solvency. Indeed, uncertainty in demographic processes (e.g., fertility and mortality) becomes an increasingly important component in the uncertainty of Social Security Trust Fund balances over time (Lee and Tuljapurkar 1998) . We apply Bayesian methodology, which emphasizes the empirical smoothness in age-specific mortality and utilizes potentially informative covariates, to improve the quality and accuracy of SSA all-cause and cause-specific mortality forecasts. We also describe many more details of the procedures the SSA uses to forecast the long-term financial viability of the Social Security program than previously available in the public domain. This information will make it possible for researchers to evaluate the sensitivity of each of the SSA's assumptions and ultimately to marshal the power of the academic community to help ensure the future of America's largest governmental program.
The specific assumptions we focused on in this article concern one of the largest components of uncertainty-namely, age-and sex-specific mortality forecasts. We attempt to improve the accuracy and quality of mortality forecasts by introducing new methods that directly and transparently incorporate risk factors with known and emerging biological consequences and maintain long-standing demographic patterns, so long as they are consistent with the data, and emphasize the smoothness in agespecific mortality rates. Uncertainty resulting from model dependence in analyzing mortality data is reflected in our forecast intervals. We predict higher life expectancy and an older age distribution of death, when considering the steady decline in smoking and rapid rise in obesity, than do the SSA projections, which use no covariates except implicitly. The result indicates that Social Security, especially the OASI program, may be in a considerably more precarious position than officially thought. Maintaining the same set of assumptions regarding future economic and demographic growth, and changing only the mortality forecasts to more informed methods, we predict three fewer years of net surplus, $730 billion less in the OASI and SSDI Trust Funds, program costs 0.66% greater of projected taxable payroll, and expenditures 0.25% greater of projected GDP by 2031.
Recently, Olshansky et al. (2009) reached a similar set of demographic and policy conclusions by using a cohort-components methodology. Analysis performed by the 2007 Technical Panel of Assumptions and Methods, Social Security Advisory Board, found similar solvency results based on its recommended mortality projections. When considering the impact of revised and more realistic immigration assumptions, finances of the system improved (SSABTP 2007). Our findings, and those of Lee and Tuljapurkar (1997) , SSABTP (2007) , and Olshansky et al. (2009) , emphasize the importance of continual assessment of projection methods, underscore the need to introduce more rigorous tools and techniques, and argue for greater study on the complex interrelationship of demographic, economic, and policy processes.
We encourage other academic and government researchers to use the information we provide about SSA's methods and our models, data, methods, and software to suggest further improvements in these forecasts. Our mortality forecasting methods make it easy to systematically alter prior beliefs about demographic patterns. They also make including additional covariates based on other risk factors straightforward, when they become available. Although we include time as a simple proxy for technological change, other more specific measures may be relevant, including large-scale public health initiatives, medical advancements in detection and treatment, and pharmaceutical breakthroughs. Alternative modeling specifications are also easy to implement in our proposed forecasting framework, as are other components of uncertainty. With all these tools, we hope the scholarly research community will find forecasting more feasible and continue to reduce uncertainty and improve the quality, accuracy, and transparency of Social Security Trust Fund projections.
